Background: Multimorbidity affects the majority of elderly adults and is associated with higher health costs and utilization, but how specific patterns of morbidity influence resource use is less understood.
M ore than 75% of adults over age 65 have multiple (2 or more) concurrent chronic conditions, accounting for 93% of total Medicare expenditures. 1 The positive association between the number of conditions and health expenditures and utilization is well established. [2] [3] [4] Less known is the relationship between specific combinations of conditions and resource use. 5 It is highly likely, however, that different combinations of conditions affect expenditures differently. 6 Many studies measure multimorbidity as a count of the chronic conditions. [7] [8] [9] [10] The limitation of this approach is that it gives each condition equal weight, even though that may not reflect the actual effect of each condition on different outcomes. Other approaches have used multivariable models to model health expenditures and utilization by multiple individual conditions. 11, 12 The limitation with this approach is that it assumes an additive relationship and does not account for the effect of possible nonlinear, nonadditive cooccurrence of these conditions. Most importantly, given the reliance of most previous studies on administrative claims data alone, multimorbidity has been equated with multiple chronic conditions, without recognizing the simultaneous presence of functional limitations and geriatric syndromes, which are highly prevalent in older adults. 13 Indeed, the fact that chronic conditions often cooccur with functional limitations and geriatric syndromes reflects highly complex, interdependent, and bidirectional relationships among these conditions, with considerable consequences for health outcomes, health care utilization, and costs. 13, 14 An additional layer of complexity arises with the possible combinations of conditions, the sheer number of which makes traditional analytical approaches (eg, multivariable regression models) inadequate, especially when the goal is to identify combinations of chronic conditions, functional limitations and/or geriatric syndromes that are associated with high resource use. A possible solution may be found in machine-learning methods developed to mine information from large complex datasets, allowing for such combinations of conditions to emerge empirically from the data. 15, 16 Therefore, the aim of this study is to use a data-driven approach to identify specific combinations of chronic conditions, functional limitations, and/or geriatric syndromes, that-in addition to sociodemographic factors and self-rated health status-are most highly associated with Medicare expenditures and inpatient utilization in older adults. The findings will help to identify subgroups of older adults that can be targeted for tailored interventions aimed at cost containment.
METHODS
This is a retrospective study using existing national panel data linked with Medicare claims data. The Institutional Review Board of Case Western Reserve University approved the study. The Centers for Medicare and Medicaid Services and the University of Michigan granted permission to use the data for this study.
Data Source and Study Population
The Health and Retirement Study (HRS) is a biennial longitudinal panel of a US representative sample of adults 50 years of age or older. 17 In each wave, the HRS collects data on a broad array of health measures including demographics; chronic conditions; self-reported health status; functional status, including limitations in activities of daily living (ADL), and instrumental activities of daily living (IADL); and geriatric syndromes. These comprehensive surveys are conducted both in-person and over the phone, and subjects are compensated for their participation. A total of 37,319 respondents have participated in the survey since its inception.
Medicare-enrolled respondents participating in HRS are asked for permission to link the survey with their Medicare claims records, of which over 80% have agreed. 18 Those that agreed are slightly older than those that did not (mean age 75.6 vs. 70.9, P < 0.001), but it is unknown if other selection biases exist. The HRS and Medicare data are linked by the Medicare ID and Social Security number by the Centers for Medicaid and Medicare Services. We used [2008] [2009] [2010] [2011] [2012] Medicare claims data to calculate annual Medicare expenditures. The expenditure data include all services covered by Medicare under part A and B-inpatient, outpatient, office visits and other professional services, hospice care, skilled nursing facilities, and durable medical equipment.
The unit of analysis for this study were people that participated in the HRS survey in 2008 and whom had linked Medicare claims data. The time period of follow-up in the Medicare claims begins at the month following the survey, and ends at the next survey wave or death. On average the follow-up time is 23.9 months (median: 24, interquartile range: 21-26). In total there were 15,235 surveys from living respondents in 2008, and of these 9955 were able to be linked to Medicare claims. We then excluded (a) 3375 who were enrolled in a Medicare Health Maintenance Organization plan at any time during the postsurvey follow-up period as complete cost data were not available for these respondents; (b) an additional 286 who were under age 65 at the time of the HRS survey; (c) another 256 that were enrolled in Medicare part A and B for 0 months; and (d) 267 that were residing in a nursing home. The final study population was 5771 people. We also used a testing dataset to validate our models consisting of the 2010 HRS survey linked to 2010-2012 Medicare data. The same inclusion and exclusion criteria was applied to this dataset resulting in 5186 subjects. These were the most recent years of HRSMedicare linked data available.
Outcomes
The primary outcomes of interest were (a) health care expenditures, measured as the per-member-per-month (PMPM) Medicare amount reimbursed for each personwave, and (b) inpatient utilization, measured as a claim for a hospital stay in the person-wave. PMPM was calculated by taking the total part A and B expenditures accrued in the follow-up period and dividing by the number of months a respondent was enrolled in Medicare fee-for-service. We then dichotomized health expenditures into those in the top quartile of PMPM (high cost) and those in the bottom three quartiles (low to medium cost). We also calculated median and average annual expenditures for each person-wave by extrapolating the PMPM cost out to 12 months.
Primary Covariates
Our primary covariates of resource use were self-reported morbidity, broadly classified into 3 categories: chronic conditions, functional limitations, and geriatric syndromes. These definitions have been used previously. 13 Chronic conditions were defined as a binary indicator for whether the respondent was ever told by a physician that s/he had hypertension, heart disease, lung disease, diabetes, stroke, arthritis, cancer, or psychiatric conditions. Additional questions assessed if a condition caused limitations in usual activities and/or whether the respondent was receiving treatment for a given condition (eg, medication for hypertension, or oxygen for lung disease). These variables allowed us to categorize each condition as either no disease, mild disease as indicated by self-reported diagnosis alone, or severe disease. 14 Functional limitations were grouped in the following categories: (a) Strength limitations (difficulty pulling/pushing a large object; lifting ten pounds; rising from chair; and sitting for 2 hours); (b) upper body limitations (difficulty picking up a dime; reaching overhead); (c) lower body limitations (difficulty walking one or several blocks; going up one or several flights; stooping, kneeling, or crouching); (d) ADL (difficulty bathing; eating; transferring in and out of bed; walking across the room; and dressing); and IADL (difficulty preparing meals, taking medications, managing money, grocery shopping).
Geriatric syndromes, which are conditions commonly experienced by older individuals 19 included: (a) visual impairment (rated by the respondent as fair or poor even when wearing corrective lenses as usual, or legally blind); (b) hearing impairment (rated by the respondent as fair or poor even when wearing hearing aid as usual); (c) moderate or severe depressive symptoms (4 or more symptoms on the modified 8-item Center for Epidemiologic Studies Depression Scale) 20 ; (d) urinary incontinence; (e) low cognitive performance (bottom third of a 35-point scale 21 designed to measure working memory, mental processing speed, knowledge and language, and orientation, or a proxy reporting that the respondent's cognitive performance was fair or poor 22 ; and (f) severe pain ("often troubled by"). 23 
Other Covariates of Interest
Age was grouped in 5-year increments (65-69, 70-74, 75-79, 80-84, and 85+). Race/ethnicity included 4 categories: White non-Hispanic, Black non-Hispanic, Hispanic, and other. Marital status was identified as married, divorced, widowed, and never married. Years of education were grouped in 6 categories: <9, 9-11, 12, 13-15, 16, and Z17. Income was adjusted for the household size, and expressed as the ratio of household income to the federal poverty level, as follows: <100%, 100%-199%, 200%-299%, and Z300%. Each of smoking status (never smoked, former smoker, and current smoker) and alcohol use (none, moderate, and heavy) included 3 categories. We characterized body mass index (BMI, measured as kg/m 2 ) as underweight (BMIr18), normal/overweight (BMI of 18.5-30), and obese (BMIZ30); in addition, 2% of respondents had missing values for BMI. Vigorous exercise was measured as a dichotomous variable to reflect engagement in vigorous sports or activities more than once a week. We also used a dichotomous indicator of whether or not a person required a proxy respondent. We also included self-rated poor health status as this has been shown to be a significant indicator of health expenditures. 24 
Statistical Analyses
We used classification and regression tree (CART) analysis to identify combinations of covariates associated with the outcome of interest. CART is a nonparametric, machine-learning method that uses repeated binary partitioning of the value spaces of explanatory variables so that each partition corresponds to as homogenous outcome as possible. 25 Each covariate is considered as a potential split, including every value of an interval-level variable. Each node can split and form 2 child nodes, which can in turn split and create 2 more child nodes each. Nodes that are not split are called terminal nodes, and each study respondent can only be in 1 terminal node. This process continues with both tree building and pruning until all possible splits are exhausted or until some stopping criteria is met. In this study we set the following stopping criteria (based on model tuning described below): a maximum tree depth of 5 splits, a minimum node size of 60 respondents, and required a split to increase R-square by a minimum of 0.001.
To build our model, we used the study data (2008 survey) to train our models, and the 2010 survey to validate and test our models. We also used 10-fold cross-validation repeated 3 times on the training dataset testing to build the CART models. 26 We then tested the accuracy of our models on the validation dataset. A bootstrap aggregation method, Random Forest, was used to determine if our CART models were capturing the most important variables related to the outcomes. The Random Forest algorithm creates multiple decision trees using random variable selection, a detailed description of which is provided by Breiman. 27 For each random forest model we created 2000 trees and sampled one third of the explanatory variables at each node split. We compared the performance of the CART models with multivariable logistic regression using the same independent variables. We used R version 3.1.3 and the "rpart" (CART), "randomForest" (Random Forest), "partykit" (graphics), and "caret" (model tuning and cross-validation) packages for the CART analysis, and SAS version 9.3 for data management and descriptive statistics. [28] [29] [30] [31] [32] [33] 
RESULTS
The median annual Medicare reimbursed expenditures per person is $4354, with a mean average cost of $13,413 per year. The large difference between the mean and median indicates that costs are right skewed. The expenditure distribution by age exhibited a dose-response relationship with highest costs in those age 85 and above. Unadjusted expenditures and inpatient utilization are highest in Black nonHispanics and Hispanics, those with less than a high school education, those with incomes below the federal poverty line, those with poor self-rated health, and those who needed a proxy respondent. The distribution of median annual costs and percent hospitalized by other individual characteristics is shown in Table 1 .
Descriptive statistics of unadjusted annual expenditures by morbid conditions are shown in Table 2 . The median annual cost is higher for every condition compared with the overall median, with the exception of mild arthritis. For chronic conditions, those with a history of moderate to severe cancer ($19,792) and those with a history of moderate to severe lung disease ($16,528) have the highest median costs. Among functional limitations, those with activities of daily of living limitations ($20,539) have the highest median cost, followed by those with instrumental ADL limitations ($11,735). Respondents with severe poor cognitive functioning have the highest median cost ($17,309) compared with other geriatric syndromes. Every chronic condition, geriatric syndrome, and functional limitation is associated with an unadjusted higher percentage hospitalized compared with the total population, again with the exception of mild arthritis. Many of the same conditions with the highest median cost are also those with elevated percentage of hospitalization, as evidence that inpatient utilization is an important driver of health care costs. Figure 1 shows the CART analysis for being in the top quartile of annual expenditures. The tree shows how different "paths" or "rules" down the tree are associated with varying levels of annual expenditures. Those with the combination of self-rated poor health plus IADL limitations plus ADL limitations (n = 222) are in the top quartile of medical expenditures 63.5% of the time. In contrast, those in self-rated good health and under age 75 (n = 2080) are in the top quartile only 12.3% of the time. Other notable rules include that 63.4% of those over age 86 with self-rated poor health and IADL but without ADL limitations (n = 83) and 55.7% of those in self-rated good health over age 75, but with mild or severe heart disease, IADL limitations, and incontinence (n = 61) are in the top quartile of annual expenditures. Figure 2 shows the CART analysis for 2-year hospitalization. Certain combinations have hospitalization rates above 50%. These included self-rated poor health with history of mild to severe stroke (n = 460), poor self-rated health with mild to severe heart disease and mild to severe diabetes (n = 136). People in self-rated good health with no lower body mobility limitations and under age 84 have the lowest percent hospitalized at 17.7% (n = 2368).
The Random Forest shows which variables are the most important in terms of improving the accuracy of the model from a bootstrap sample of 2000 trees for each outcome (Fig. 3) . The following variables rank in the top 7 most important variables for both outcomes: self-rated poor health, IADL, upper mobility limitation, lower mobility limitations, age, and heart disease. As most of these variables appear frequently in the CART models in Figures 1 and 2 
CONCLUSIONS
In this study we analyzed Medicare reimbursed expenditures and inpatient utilization in a US representative sample population of older adults, and identified specific combinations of chronic conditions, functional limitations, and geriatric syndromes that are most highly associated with high and low costs and utilization. Our analysis identifies empirically emerging combinations of conditions that are associated with high costs and inpatient utilization than the average. An important finding is that while chronic conditions are important covariates associated with resource use, functional limitations emerge prominently in our models. This shows the importance of accounting for functional limitations in research on health care resource use; however, these measures are not available in claims data analysis. Classification and regression tree analysis of hospitalization. Each "path" in the tree concludes with a terminal node that shows the percentage of persons with that combination of characteristics that had an inpatient stay over a 2-year period. For example, there were 460 people with self-rated poor health and history of mild to severe stroke, and 67% of them had an inpatient stay. POORHLTH indicates self-rated poor health; IADL_LIM, instrumental activities of daily living limitations; HEART_ DIS, heart disease.
The unique HRS-Medicare linked database is able to account for functional limitations along with an array of other factors including geriatric syndromes, behavioral factors, and selfreported health status. These findings have important implications both in clinical practice and in research. First, with regard to clinical practice, our findings highlight the importance of evaluating an older individual's health not just based on the presence of (multiple) chronic conditions, but also a number of additional factors that affect health status and health care use. Identifying people at highest risk based on multiple domains of risk factors is likely to be more robust than merely counting diseases, to target individuals who may benefit from tailored case management interventions aimed at preventing decline and containing cost.
With respect to the implications for research, our findings strongly support the use of data on functional limitations as a way to project health care resource use. Medicare claims data alone are likely to be deficient when it comes to identifying functional limitations with ICD-9-CM coding. 34 Models relying solely on chronic conditions are likely to be deficient in identifying older adults who will incur high costs to the Medicare program. A previous study showed that that functional limitations and geriatric syndromes are also important predictors of poor health outcomes and mortality. 14 In our study, functional limitations were important, but geriatric syndromes were less so.
To our knowledge this is the first study to identify combinations of specific conditions that are associated with high Medicare expenditures and inpatient utilization using the CART method. A key benefit of using this analytic approach lies in our ability to learn about empirically emerging combinations of conditions instead of needing to rely solely on a priori hypotheses to guide the queries. An important strength of the study is the comprehensive set of nationally representative data from the HRS, including sociodemographic variables, behavioral factors, and a number of clinically pertinent measures, which we were able to link to Medicare claims data to provide accurate measures of Medicare expenditures and inpatient utilization. Another strength of the study is the use of self-reported or proxyreported measures for all of our multimorbidity measures and self-rated health which captures how patients perceive, live, and function with their chronic conditions and disabilities.
We chose to use the CART method because our goal was to empirically identify specific combinations of conditions that influence cost and utilization, without a priori knowledge of what those combinations may be or the constraint of linear (additive) relationships. CART is useful here because it is a nonparametric method and good for large data. If sample size is small and/or the relationship being modeled is linear, then parametric methods such as generalized linear regression (eg, logistic regression) may be preferred. Logistic regression can 
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Relative Importance % handle some additive interactions or polynomial terms, but these must be specified and validated by the researcher. If prediction is the main goal, ensemble methods such as random forest and support vector machines may outperform CART. However, these ensemble models are almost impossible to interpret if making inferences is the goal. Methods such as CART and generalized linear regression are easier to interpret. Linear regression may be preferred over CART for hypothesis testing as the user can specify which variables should be in the model, whereas in CART the computer algorithm makes the decision. CART, on the other hand works better in situations with a large number of potential predictors. This study has several limitations. We chose not to use claims-derived measures of morbidity history, because we have found in previous studies that it did not provide much additional information beyond self-reported measures in terms of altering the CART models. 14 Another limitation is that CART produces a single tree. This is in contrast with the random forest approach, which uses subsets of the data and variables, as well as bootstrapping, to produce many trees. In contrast, it is not possible to use the random forest approach to identify combinations of conditions that affect an outcome, which was the primary objective of this study. Many of the same covariates that appeared in our model, are also the ones that were identified as the most important by the random forest method, lending further validity to our model. We were not able to take advantage of the longitudinal design of the Health and Retirement Study as mixed effects tree-based models have only recently developed, and the software currently available is unstable and/or cannot handle binary outcomes. 35 The cross-sectional measurement of our explanatory variables may not capture important information on how longitudinal changes in multimorbidity impact future health care expenditures. We did not have access to geographic information in the HRS or Medicare claims, which may have improved model fit as geographic location has been shown to be an important determinant of Medicare spending. 36 We limited our study to Medicare part A and B reimbursed expenditures. A CART analysis using other cost outcomes such as out-of-pocket costs, or private health insurance expenditures may produce a very different tree model.
In conclusion, this study highlights that specific combinations of conditions constituting multimorbidity are associated with markedly higher health care expenditures and utilization in a US representative sample of Medicare beneficiaries. The treebased approach produces results that can aid in identifying subgroups of patients that are most at-risk of high resource use, and to tailor interventions appropriately. This approach could also be further adopted into population health management systems to provide real time forecasts of future health expenditures for individuals. Future studies may also take a longitudinal approach to investigate how trajectories of multimorbidity influence health and health expenditures.
